ABSTRACT-A genetically distinct population of beluga whales,
Introduction
Beluga whales, Delphinapterus leucas, in Cook Inlet (lat. 59°-61.5°N, long. 149°-154°W), Alaska, make up a small, genetically distinct population that appears to have strong site fi delity to the inlet year-round (O' CorryCrowe et al., 1997 CorryCrowe et al., , 2002 Rugh et al., 2004; Shelden et al., 2015) . The Cook Inlet beluga whale (CIBW) population declined dramatically in the 1990's, and continued a steady decline through 2012 (Hobbs et al., 2015a) , raising concern about its risk of extinction and subsequently leading to listing this distinct population segment as endangered under the U.S. Endangered Species Act (ESA) in October 2008 (NOAA, 2008) . Should the CIBW population go extinct, the closest population in Bristol Bay (BB) is 1,500 km away by sea and separated by the Alaska Peninsula that extends three degrees of latitude south of the southern limit of the bay. Similar to CIBWs, satellitetagged BB whales remained within the bay year-round (Citta et al., In press), thus, it is highly unlikely that beluga whales would repopulate Cook Inlet in the foreseeable future. Extinction of the CIBW population would result in a permanent loss of range for the beluga whale species.
Alutiiq Eskimos and Dena'ina Athabaskan Indians have occupied the coastal areas surrounding Cook Inlet since prehistoric times (de Laguna, 1975) . These hunting societies utilized many marine resources including beluga whales. During the 20th century, the Dena'ina in Tyonek (a small village on the west side of Cook Inlet) and Eskimo whalers from communities outside of Cook Inlet hunted beluga whales for subsistence, and there was also periodic sport hunting and large-scale commercial hunts by nonNative hunters . Commercial and sport hunting ended with the introduction of the U.S. Marine Mammal Protection Act (MMPA) in 1972. Subsistence hunting by Alaska Natives was allowed under the MMPA and monitoring by the Alaska Department of Fish and Game (ADFG) indicated that the practice continued from 1972 to the present . During the 1960's, 70's, and early 80's, ADFG conducted a number of aerial surveys that covered parts of Cook Inlet, documenting distribution and numbers of beluga whales (Shelden et al., 2015) . The highest estimate of 1,292 beluga whales reported during these surveys was based on 1 counts made in August 1979 (Calkins 1 ). In June 1993, the National Marine Fisheries Service (NMFS) began comprehensive, systematic aerial surveys of the beluga whale population in Cook Inlet , 1 Calkins, D. G. 1989 . Status of belukha whales in Cook Inlet. In L. E. Jarvela and L. K. Thorsteinson (Editors) , Proceedings of the Gulf of Alaska, Cook Inlet, and North Aleutian Basin Information update meeting, 7-8 Feb. 1989, Anchorage, Alaska, p. 109-112 . U.S. Dep. Inter., Minerals Manage. Serv., OCS Study, MMS 89-0041. (Models B, F, O) , mortality from killer whale, Orcinus orca, predation (Models F, N, O) , or a reduction in Cook Inlet carrying capacity (Models M-O) . Model scenarios B, F, K, M-O were used to estimate the range of the probability of extinction: these had a probability of decline between 42% and 71%, and a probability of extinction between 0% and 14% in 100 years.
(1-71%), only the assumption of an intrinsic rate of growth greater than 2%, among the least likely scenarios (Models A, C-E), reduced the risk of further decline to 1-2%. Almost all model scenarios that included unusual mortality events (Models G-L) had probabilities of extinction within 50 years (2-18%, with the exception of Model G = 0%) unlike scenarios without (0-1%). Both predation and group mortality events were shown to create thresholds below which the population could not recover. Models including threshold effects had probabilities of extinction as much as 25% higher than similar models without. In Model B, with no threshold effects, and with no subsistence hunt after 2014, the population declines in 53% of the cases, with a probability of recovery in 100 years of 14%. The model scenarios that best fi t the existing Cook Inlet beluga whale data (Models B, F, M-O) included a per capita mechanism increasing mortality
2010; Shelden et al., 2013 Shelden et al., , 2015 . Survey results showed a decline in abundance of nearly 50% between 1994 and 1998, from an estimate of 653 whales to 347 whales (Hobbs et al., 2000a ). Concern over the high level of human-caused mortality on this whale population prompted NMFS to designate it as depleted under the MMPA (NOAA, 2000) and to regulate the Native Alaskan subsistence hunt .
With a limited hunt between 1999 and 2014 (a total of fi ve whales taken), it was anticipated that the population would begin to recover though this has not been the case (Hobbs et al., 2015a) . Hunters indicated a preference for large, white-skinned beluga whales (presumably adults) Huntington, 2000) ; therefore, it is conceivable that the population had a defi cit of reproductive-age females, which could be inhibiting recovery through reduced calf production (Hobbs et al., 2015b) . However, the hunt may not be the only risk factor behind the continued decline of this population.
In addition to the decline in numbers, the population has undergone a contraction within its range (Rugh et al., 2010; Shelden et al., 2015) . Summer surveys during the 1970's found beluga whales distributed throughout much of the upper inlet and into the lower inlet around Kalgin Island. Since the mid-1990's, from 96% to 100% of beluga whales now congregate in shallow areas near river mouths in the upper inlet during the summer months (Rugh et al., 2010; Shelden et al., 2015) .
It is unknown if this contracted distribution is a result of changing habitat (Moore et al., 2000) , prey concentration, or predator avoidance , or can simply be explained as the contraction of a reduced population into a small number of preferred habitat areas (Goetz et al., 2007 (Goetz et al., , 2012 , such as in a "basin" model (MacCall, 1990) . While the recent trends in abundance and range are well documented, little is known about other mechanisms infl uencing the recovery of this beluga whale population.
The CIBW population may be less resilient to natural perturbations or anthropogenic impacts because of its small size and isolation. With such a small population in a relatively restricted area, a substantial portion of the population could rapidly be exposed to events such as infectious disease outbreaks, volcanic eruptions, fi sh run failures, and toxic spills (Moore et al., 2000; Vos and Shelden, 2005) .
Additionally, the grouping behavior of the population could potentially magnify exposure to even very localized anthropogenic and environmental hazards. During the summer months, Cook Inlet beluga whales tend to be found in 2-10 groups of a few individuals to over 200 whales in a single group (Hobbs et al., 2015a; Shelden et al., 2015) in areas such as Knik Arm, the Susitna Delta, and Chickaloon Bay-Turnagain Arm (Fig. 1) . If a group of 200 whales were exposed to a toxic spill, this would represent over half of the current population.
The population's small size and grouping behavior also mean that a relatively large percentage of the population could be involved in a single mass stranding (Vos and Shelden, 2005) , or entrapped in ice similar to events documented in other beluga whale populations (Siegstad and Heide-Jørgensen, 1994; Heide-Jørgensen et al., 2002) , magnifying the effect on the population's recovery. Given the population's restricted range, particularly in summer, declines in local fi sh stocks, such as Pacifi c salmon, Oncorhynchus spp., runs in the rivers in Cook Inlet (Eggers and Irvine, 2007; Dischner 2 ), could cause nutritional limitation in the population. Predation may also be a factor in the recovery of the population; between 1999 and 2014 a total of 10 beach-cast and fl oating carcasses reported to the NMFS Alaska Regional Offi ce (NMFS 3 ) were determined to be related to killer whale, Orcinus orca, predation. Three of the carcasses were lactating females, so an additional 3 calves were thought to have died though carcasses were not found (NMFS 3 ). Therefore, potential factors for the delay in recovery include reduced fecundity because the mature female segment of the population is depleted, reduced fecundity or survival due to reduced prey, predation by killer whales, and risks associated with a contracting range and grouping behavior of the whales. To examine these issues, we conducted a population viability analysis (PVA) by developing a detailed population model that included age and sex structure as well as small population effects. Small population effects taken into account included demographic stochasticity, hunt mortality, density-dependent and density-independent effects, constant mortality effects (e.g., predation), unusual mortality events (e.g., catastrophes), and risks associated with the grouping behavior of these whales.
The population model implicitly considers the time lags inherent in long-lived populations where sexual maturity does not occur for many years (Litzky, 2001) , and it was projected into the future to examine extinction risk under different risk factor scenarios for CIBWs. The rather detailed population model and Bayesian framework were programmed in FOR-TRAN and used existing data from the Cook Inlet population and similar beluga populations.
The parameters of the model were estimated by fi tting the population model to the abundance time series and hunt data. Variations of the model, termed model scenarios, were developed to investigate a number of hypotheses for the delay in recovery and these hypotheses were statistically compared using Bayesian model selection, which provides the probability of each model scenario (or hypothesis) given the data, through the use of the Bayes factor. We also examine future recovery and extinction risk under each hypothesis.
We considered the following hypotheses (H) explicitly:
H1) The population has not yet begun to recover but it will under the status quo-there has been a delay (time lag) in recovery due to a depletion of mature females, and the population will begin to increase once it rebuilds the mature female segment of the population.
H2) The subsistence hunt was not the sole cause of the decline observed since 1994 and the population has not begun to recover because an as yet unidentifi ed population wide stressor (e.g., nutritional stress, disease, contaminants, noise, loss of key habitat) has caused a decrease in fecundity and/or survival, resulting in a negative growth rate. The population will not begin to recover in the future without a change in the fecundity or survival of the population.
H3) The population has not begun to recover because the reduction in population size from hunting has led to it falling into a "predator pit"-a numerically constant level of predation was sustained by the population when it was >1,000 animals, but at the current population level, predation prevents recovery.
H4) The population has not begun to recover because the level of predation from killer whales coincidentally increased around the time of the population decline (e.g., due to a prey shift by the killer whale population).
H5) The population has not begun to recover because the reduction in population size from hunting and subsequent retraction in range has led to a greater proportion of the population being vulnerable to "catastrophic" mortality events, such as disease outbreaks, oil or toxics spills, volcanic eruptions, or failure of several Pacifi c salmon runs in one year.
H6) The population has not begun to recover because the reduction in population size from hunting and subsequent retraction in range has led to fewer social groups in the population, such that a greater proportion of the population is vulnerable to mortality events that affect all or a large fraction of a single social group.
H7) The population has not begun to recover because of a combination of killer whale predation, per capita effects, and increased catastrophic or group mortality following population decline.
H8) The population has not begun to recover because the carrying ca-pacity of Cook Inlet for belugas has declined during the population decline.
We use the Bayes factor to compare model scenarios and test hypotheses. The posterior sample of each model scenario was projected forward 100 years to estimate the probabilities of population recovery, increase, decline, and extinction under each hypothesis. The results of the model comparison were then used to identify the best model scenarios for assessing population viability.
Methods
The PVA was conducted by fi tting a population model for the CIBW population to available abundance data using Bayesian statistical methods. In a Bayesian analysis, prior distributions for the model parameters are combined with a likelihood function for the data to give posterior probability distributions for the parameters, from which inference is based (Gelman et al., 1995; Ellison, 1996; Wade, 2000) .
Prior distributions for the model parameters were specifi ed using information from the CIBW population or, if necessary, from other beluga populations. The population model was initiated in 1979 (when the population was thought to be near carrying capacity) which allowed 15 years for the age distribution to accommodate to the presumed hunting removals before the parameters of the model were estimated by fi tting the model to a time series of abundance estimates for the years 1994-2014 (Table 1 ). The population model was additionally projected 100 years into the future from 2014.
The analysis can be viewed as having two stages, a parameter estimation stage and a future projection stage, but it was conducted as a single integrated analysis. This ensures that the PVA projections are fully consistent with the available data (Wade, 2002) . Additionally, Bayesian model selection methods were used to compare how well different model scenarios fi t the data. The interpretation of the results focuses on the estimated probabilities of extinction or recovery and realized rates of growth or decline.
The methods below are presented in three stages which proceed from the general to the specifi c. First the population model is described and the various components of the survival and reproductive models are developed mathematically. This is followed by a section which presents the parameters and prior distributions specifi c to the modeling of the CIBW population. Finally, the methods for developing the posterior distributions, conducting the inference, and testing of hypotheses are described. Comparisons between the model development and the parameter values and prior distributions used in the analysis are presented in the Parameter Estimation section. The relationship between the hypotheses model scenarios and the model components included in each scenario are presented in the Model Scenario Comparison and Selection section.
Population Model
An age and sex structured population model was developed using life history and population parameters from Cook Inlet and other beluga whale populations (Table 2) .
Age and Sex Structure
Age-classes included each year up to maturity to account for the time lag from birth to sexual maturity (Litzky, 2001) , and the preference of Native subsistence hunters for adult animals. Females and males were modeled separately to incorporate sex structure into the model and allow for unequal hunt of each. For both males and females, all adults greater than the age of sexual maturity (8+ growth layer groups (GLGs) Table 2 were lumped together for convenience.
Demographic and Environmental Stochasticity
The numbers of individuals in each age-and sex-class were tracked as integers. Births and deaths were modeled as discrete integer events using binomial distributions with the expected birth rate and survival rate, respectively. Births were modeled as a binomial draw using the birth rate and the total number of mature females. Survival from one age and sex class to the next was modeled as a binomial draw using the survival rate and the number of individuals in that age and sex class. The use of a binomial distribution in the population model incorporates demographic stochasticity, the random variations in the number of individuals that happen to die or reproduce in a given year even when the expected rate remains constant (Begon et al., 1996:927) . Recorded takes 
Parameters Data Source
Age at sexual maturity 7-13 GLGs (mean = 10, no sample size), 5-6 to 11-12 GLGs (mean = 9, n = 33) 2A 9-11 GLGs (mean = 10, no sample size) 1A 8-9 GLGs (0%), 10-11 GLGs (33%), 12-13 GLGs (94%), 16-17 GLGs (100%)(n = 207) 3A 9.1 ± 2.8 GLGs (n = 23) 4 50% at 8.25 GLGs (n = 87) 5
Age at color change (gray to white) 12 GLGs (minimum age) 1 14 GLGs (minimum from Mackenzie Delta), 2 17 GLGs (minimums from western Hudson Bay) 2 9-10 GLGs for males, 10-12 GLGs for females 5
Age at 1 st conception 54% at 8-9 GLGs (n = 12 of 22) 3 41% at 10-11 GLGs (n = 9 of 22) 3 4% at 12-13 GLGs (n = 1 of 22) 3 8.27 GLGs (SE = 2.88, n = 87) 5 Seaman and Burns (1981) . B. based this assumption on data from Brodie (1971) and Sergeant (1973) that age at fi rst pregnancy is 6 years (12 GLGs) and last pregnancy is about 21 years (42 GLGs ) resulting in a 14-15 year breeding period, which would allow No environmental time series and mechanism has been identifi ed as impacting survival or fecundity of the CIBW population, however demographic stochasticity does not explain the variation observed in the calf index (Hobbs et al., 2015b) or the annual numbers of deaths recorded (NMFS 3 ). To account for this observed variation we included a correlated random variation scaled to the variation in the two data sets.
Population Projection
The CIBW population was projected annually for females (f) and males (m) as:
( 1) Where a is age and B(n, p) is a binomial distribution with n trials and probability p, the variables s and b represent survival and birth probabilities, respectively, which are elaborated below.
Birth Rate
Density dependence was included in the birth rate in the form of the commonly-used generalized logistic function (Breiwick et al., 1984) .
K represents the population size at carrying capacity or, in other words, the population size that the population would reach if there is no reduction (2) in birth rate or survival rate except due to density dependence and there is no environmental variation. The parameter z controls the shape of the density-dependence, where values of z > 1 mean that most of the densitydependent response occurs close to K. σ b is a scaling factor to the effect of environmental variation on birthrate relative to the effect on survival, ε t is a stationary, correlated, random environmental deviation with mean = 0, variance = σ 2 , and correlation = ρ (Morris and Doak, 2002:139) and ω t is a normal random deviate with mean = 0 and variance = σ 2 , the same series was used for both birth rate and survival. B c is a constant fractional reduction in per capita birth rate such as would occur as a result of chronic under nutrition or high contaminant loads; s 0 is the survival rate for the unaffected population when it is small and S c is the survival rate reduction from the per capita effect (described below). B c was set to 1 except in scenarios with the per capita effect where B c was the inverse of the proportional increase in mortality so that this effect was split approximately equally between mortality and reproduction. Note that without environmental variation, when the population is at carrying capacity so that N t = K, then b t = b k B c , and when the population is small so that N t is close to zero, then b t = b 0 B c .
Survival Rates
The variables s 0,t , s a,t s f,mat,t , and s m,mat,t are annual survival rates by age and sex. They are the products of two 
Hunt Mortality
The hunt mortality was modeled as the sum of the recorded landed whales with different rates for adult males, adult females, and immature whales. Additional mortality was added to account for whales that were struck and lost (injured or killed during a hunt but not retrieved and landed), specifi ed by year. The total hunt mortality (H t = landings + struck and lost) was allocated to age and sex class using a binomial distribution and parameters controlling the expected age and sex bias in the hunt:
Where t is the year, H j,t is the number of immature whales killed, H m,t is the number of mature male whales killed, and H f,t is the number of mature female whales killed. The Pr(Hunt) were chosen from a Beta distribution prior for each case of the model, as described below. The numbers of whales killed were translated into survival rates from the hunt as:
representing survival of immature whales, mature males, and mature females, respectively. NV t is the total number of immature whales vulnerable to hunting. The hunt survival parameters are formulated as survival rates so that if there is no hunt mortality the rates all equal 1.
Population Level Survival Rate
Density dependence was included in the population level component of survival. Variations of the survival model were also specifi ed to allow for (depending upon the model scenario) changes in survival from other factors. The other factors include 1) a constant decline in the survival rate (a "per capita impact") such as might occur as a result of chronic under nutrition or high contaminant loads, 2) a constant numeric decline in survival (e.g., one additional whale per year) such as could occur from density-independent predation by killer whales, 3) occasional unusual mortality events ("catastrophes") that affect a percentage of the entire population, and 4) occasional mortality events ("group mortality") that affect an entire social group, which is a form of an Allee effect (Allee et al., 1949) as this mortality has a greater effect as the population becomes smaller and has fewer social groups. The population level survival rate is:
Where S c is the constant per capita impact, S p,t is the predation effect, S e,t is the catastrophe effect, and S g,t is the group mortality effect (details on calculations of these factors are found below). ε t is the same environmental series used in the birth rate. Note that these additional mortality factors are formulated as multiplicative adjustments to S t that act independently. These specifi c survival models can then be employed together or separately.
Killer Whale Predation Mortality
Predation from killer whales was modeled as a density-independent survival factor, meaning the expected number of additional deaths will remain the same regardless of the CIBW population size. This assumes that killer whales prey on belugas irrespective of the size of the population (i.e., there is no numerical or functional response by the predator). Killer whale predation mortality was modeled in this way because predation on CIBWs would represent such a small fraction of the annual diet of mammal-eating killer whales in the region that there would be no predation response to the density of CIBWs.
This means that predation mortality was assumed to be determined by factors such as the frequency of killer whale visits to the upper inlet. By modeling predation this way, the same number of predation deaths was a larger percentage of the population size when the population was smaller, and increased the risk to the population. Eventually, a population may decline to the point where predation cannot be sustained and thus prevents its recovery, this has been termed a "predator pit."
Predation mortality from killer whales was specifi cally modeled as
where C s is estimated as the average number of observed deaths from killer whales during the time period 1999 to 2014, and C p represents a scaler to allow for decreasing or increasing the level of killer whale predation in the model scenario (e.g., a value of 2 means that twice as many predation deaths occurred than were observed from 1999 to 2014). Note that S p,t was also constrained to be no less than 0 for the case where the constant number of expected killer whale predations was greater than the population size.
Catastrophes (Unusual Mortality Events)
Occasional unusual mortality events, including but not limited to disease outbreaks, mass strandings, volcanic activity, toxic spills, and failure of Pacifi c salmon runs, could potentially impact a substantial portion of the CIBW population and were, therefore, important to consider. Catastrophes were modeled as mortality events where an additional specifi ed fraction of the population died in a given year:
where M e is the probability of mortality during an unusual mortality event (e.g., where a value of 0.1 means that 10% of the population was expected to die, in addition to the density-dependent mortality that takes place); and P Me is the binomial probability of an unusual mortality event occurring in a given year. The catastrophe survival factor models random events that affect the entire population. If P Me equals 0, no catastrophic events occur because S e = 1.
Group Mortality
Given that a large percentage of the CIBW population may aggregate in a single behavioral group at one time, another way to model an unusual mortality event would be to have it affect a single social group. Events that could affect an entire social group at the same time include entrapment in ice, becoming stranded in a shallow area at low tide, a local toxic spill, or a stranding related to an acoustic event.
A group mortality event can be viewed as a different form of a catastrophic mortality event, but where the size of the social group and the mortality rate within the group determines the number of whales that die, rather than being specifi ed as a fi xed proportion of the population. Therefore, catastrophes and group mortality were not included together in any model scenario but were instead viewed as alternative ways of modeling unusual mortality events.
To model this type of mortality affecting all or part of a single social group, a group survival factor is modeled as:
where P g is the probability of an event occurring in a given year that would lead to a group mortality; M g is the probability of mortality for individuals in the group affected by a group mortality event; and G t is the size of the affected group drawn for each event from the observed distribution of group sizes (truncated at N t ). Whether or not an event occurs in a given year is determined by an annual draw from a binomial distribution with probability of occurrence in a given year of P g such that either one or no event occurs in that year. For this factor, groups were collections of belugas in a locale and may include several social groups in proximity to each other or possibly one large group. If the group size drawn was equal to the population size, then G t was replaced with N t and the Group Mortality model was the same as the Catastrophe model. The risk of an event remained the same but the group size changed. The individual risk in this model at a particular population size is proportional to the ratio of the average group size in the population to the population size, which increases as abundance declines because there are fewer groups, so the chance of being in the group affected increases. This model implies that only one group is affected by any event so, for example, a localized toxic spill at the Port of Anchorage would affect a group in Knik Arm but not impact groups in other areas such as the Susitna Delta or Chickaloon Bay. Similarly, this models a group stranding event that affects only the group trapped by a falling tide. As the population increases and divides into more groups, it becomes less vulnerable to these sorts of events. If P g = 0.0, no group mortality event occurs in any year.
Starting Population Size and Initial Age Distribution
The model parameters were estimated by fi tting the population model to abundance data starting in 1994, when NMFS began an annual series of systematic counts with applied correction factors for the CIBW population estimates (Hobbs et al., 2015a) . The 1979 abundance estimate was from a single day survey to which Calkins 1 applied a correction factor based on radio-tag data from the Bristol Bay population (Frost et al., 1985) . This estimate was used as the basis for the prior distribution for population size in the start year of 1979, the population was then projected forward to 1994 to allow 15 years for the hunt to affect the sex and age distribution of the population. The population was initialized in 1979, with a stable age distribution calculated from the life-history parameters with the survival rate associated with the population size in 1979, and with a population growth rate of 0.0 (λ set to 1.0, see below). Age and sex classes were fi lled by randomly sampling as a multinomial distribution from the stable age distribution until the initial population size was reached.
Prior Distributions
Values for model parameters were taken from data available on beluga populations (Table 2) . For parameters for which little data were available or inference was intended, prior distributions were devised as described below. Some parameters were fi xed at a single value. A "healthy" population model scenario was specifi ed with a growth rate that was considered to be typical of increasing cetacean populations and no additional mortality from per capita effects, predation, catastrophes, or group mortality. Other model scenarios were specifi ed that included additional mortality as a fi xed number of deaths or fi xed rate or drawn from a prior distribution of deaths or rates from those factors. The fi t of the different model scenarios to the data were compared using Bayesian model selection methods (detailed below).
Annual Growth Rate (λ)
The population rate of increase (λ) is not among the parameters of the population model above; however, for given values of the life history parameters (e.g., survival, birth rate, age of sexual maturity) in the population model, λ is determined, because they are functionally related (Euler, 1760; Lotka, 1907) . We use a simplifi ed version of the population model as follows. Treating s and b, as constant parameters (rather than probabilities), we have a deterministic projection of the expected values of the abundance and individual age and sex classes. Considering only females, we have a recursion model in expected births by year:
This is a discrete form of the Lotka renewal equation (Lotka, 1907; Goodman, 1982) , which has a solution for a constant rate of increase by replacing f 0,t with λ t . Dividing through by λ t yields:
Note that if the rate of increase and two of the three life history parameters are known, the third life history parameter is determined. Consequently, only three of the four parameters can be assigned values and the fourth will then be determined by the other three. For these analyses, we chose values for λ because the inference included a healthy population model with fi xed growth rate range. In the Bayesian analysis, we chose to put an uninformative prior distribution on λ (i.e., a uniform distribution) because we were interested in the probability of the future increase or decline of this population. Furthermore, we assigned prior distributions to age at sexual maturity and survival rate; therefore, birth rate was a derived parameter. The quantities of interest are the maximum rates of increase (λ 0 ) of the population, which under compensatory density-dependence, is the annual growth rate near zero population size. For a population that is doing well and has the capacity to increase, λ 0 should be greater than 1.0. However, if the population is in a state of decline, λ 0 may well be less than 1.0. To allow for both possibilities, the prior distribution for the maximum annual growth rate, λ 0 , was specifi ed to be a uniform distribution between 0.94 and 1.031 in order to provide a broad, uninformative prior distribution for this parameter.
It is thought that the maximum annual increase for an odontocete cetacean with a life history such as a beluga whale is unlikely to be much greater than about 1.04 or 4% per year (Reilly and Barlow, 1986; Wade, 1998 Wade, , 2009 . The BB population has increased at an estimated rate of 4.8% per year (95% CL: 2.1%-7.5%) (Lowry et al., 2008) . Therefore, the value of 1.06 (a 6% increase per year) could be considered a reasonable upper bound for this parameter. However, carcass counts and calving rate data, described in more detail below, provide maximum possible survival and birth rates which because of the functional relationship of these parameters effectively reduces the upper limit for λ 0 to 1.031.
Log-linear regression of the CIBW abundance estimates for 1999-2014 indicate an annual rate of decline of -1.3% (SE = 0.008) (Shelden et al. 4 ); consequently, the lower bound of 0.94 (representing a 6% decline per year or the slope of the recent trend minus more than fi ve times the SE of the slope) was set to a value thought to be low enough to capture any possible outcome from the analysis. The results for each model scenario were examined to ensure that the data did not support any greater rate of increase or decline. Model scenarios were rerun with a broader prior distribution where support was indicated.
If the population is healthy and growing, such as the BB population, we would expect the value of λ 0 to fall between 1.02 and 1.031, (i.e., annual growth of 2% to 3.1%) and by definition, the value of λ at carrying capacity, what we call λ k , for a healthy population would be 1.0 (i.e., no annual growth or decline), causing the population size to stabilize and reach equilibrium near the value K. Each of the alternative scenarios was modeled as a modifi cation to this healthy population model. To account for several different survival or fecundity models, given that λ 0 was allowed to be less than 1.0 in some scenarios, we devise a healthy population growth rate for a small population, λ H0 , with a prior distribution between 1.02 or λ 0 (whichever was larger) and 1.031, which spanned the range of what would be the expected maximum rate of increase for a beluga whale population.
The model scenario with no additional mortality (healthy), specifi ed a prior distribution for λ 0 of a uniform distribution between 1.02 and 1.031. In this case, λ 0 and λ H0 are equal, with the assumption that the population will increase if below K. If a scenario includes reduced survival and/or fecundity λ 0 is less than λ H0 and the difference of λ H0 -λ 0 determined the magnitude of the reduction of fecundity and/or survival under the alternative scenario. The values of λ H0 and λ K = 1 at N = K determine the density-dependent drop in the population growth rate. For example, if λ H0 is 1.03 and λ 0 is 0.99, density dependent change in the growth rate is -0.03, whereas, the change resulting from reduced survival and/or fecundity is -0.04 at both N = 0 and N = K.
Survival Rate
A uniform prior distribution was set for s 0 , the maximum population level survival rate, when the population is near zero and where (under the standard assumption of density dependence) the population is assumed to be healthy and growing at a maximal rate. A range (0.962-0.975) was specifi ed for this distribution to make it an uninformative prior distribution, while avoiding values that were not possible for the prior range of λ H0 and the range of birth rates.
The upper value for the prior distribution was calculated by estimating the maximum survival rate that could be achieved by the CIBW population. A minimum annual mortality rate was estimated from annual summaries of beach-cast and fl oating CIBW carcasses reported to the NMFS Alaska Regional Offi ce (e.g., Vos and Shelden, 2005; NMFS 3 ). From 1999 through 2014, a total of 148 carcasses were found, of which 10 were attributed to killer whale predation and, as three of the deaths were lactating females, an additional 3 calves were thought to have died though carcasses were not found (NMFS 3 ). The remaining 138 carcasses result in an average of 8.6 documented deaths per year over the 16-year timespan (Allen and Angliss, 2013) , or 2.5% per year (SE = 0.3%) from a population size that has averaged 346 animals during those years. The lower value for the prior distribution was set to the minimum value that would allow a growth rate of 1.02 with a birth rate of 0.20 per year to encompass the range of possible values for the healthy population growth rate in Cook Inlet.
The value of K s was set to
to partition the densitydependent effect approximately evenly between the survival and birth rate. The priors for the parameters of the environmental variation were determined from the variation in the annual counts of beach-cast carcasses. The value for σ was drawn from uniform [0.005, 0.01], the square root of the variance of the annual observed mortality rates (carcass count/average population size) less the variance of the demographic stochasticity. The value for ρ was chosen from a uniform [0.5, 0.8].
Age of Maturity
The prior distribution for the age of maturity (a mat ), or the age at fi rst possible birth was set at 9 GLGs based on an average age of fi rst pregnancy of 8.25 GLGs which would result in a fi rst birth at age 9 GLGs (Table 2) .
Birth Rate
With the population rate of increase, survival rate, and age of maturity specifi ed we solve Equation 11 for birth rate (b) as a function of the other parameters to get Equation 12. Equation 11 was solved with extreme values of b and s to identify the limits for survival and intrinsic rate of increase that will allow b to fall into the specifi ed ranges (Brandon and Wade, 2006) . Equation 12 is then solved for b given s, a mat , and λ:
This equation was used to determine the annual probability of giving birth when the population was small (Table 2 ) and a calving rate study conducted in Cook Inlet (Hobbs et al., 2015b) , with 0.05 set lower than the lowest value of 0.13 found in the literature to allow for the possibility of poorer fecundity in Cook Inlet and the value 0.20 set at nearly twice the value estimated in Cook Inlet to allow for the possibility that the time period in which the calving rate was estimated was unusually low and to also allow for potential bias in the index itself. The value for σ b is set to 33 so that variation in annual birth rate had an equivalent effect on the variation in annual growth as on the variation in survival. The same correlated random series was used for both survival and birth rates.
Density Dependence
The prior distribution for carrying capacity (K), the population size that the population would reach if there is no reduction in birth rate or survival rate except due to density dependence and there is no environmental variation, was a uniform distribution U [811, 2056] based on a log-normal 95% confi dence interval for an estimated 1,293 beluga whales from an aerial survey conducted in August 1979 by the ADFG (Calkins 1 ; Hobbs and Shelden 5 ). No error was calculated for this estimate; thus, we have assumed that it was no more accurate than the 1994 estimate, and we have applied the CV from the 1994 aerial survey estimate.
While this is the best available estimate of population size before the 1990's, it potentially represents a population that was depleted to an unknown degree by poorly documented and undocumented removals in earlier years of the 20th century . The prior distribution on K represents the uncertainty in the estimate from 1979. For hypoth-esis H8 we also consider a change in K over time. For these scenarios, we reduce K by a constant amount each year between 1979 and 1999, the values for K 1999 in 1999 are drawn from a uniform [100, 800] . Carrying capacity continues at a constant level after 1999.
The parameter z determines the maximum net production level (MNPL; the population size where growth in numbers is greatest) as a fraction of K and determines the shape of the growth curve of the population (Taylor and DeMaster, 1993) . MNPL has not been determined for Cook Inlet or any other beluga whale population, consequently we adopted a range considered reasonable for cetaceans of 50-80% (MNPL 650 to 1,040 for K = 1,300). MNPL/K is drawn from U[0.5, 0.8], then the value of z is determined by solving
tively for z. This modeling effort was focused on the behavior of the population at sizes at or below the current population size, which is well below these values of K and MNPL. Therefore, the specifi c values of K and MNPL will have little or minimal infl uence on the results.
Hunt Mortality
The prior distribution for the number of whales killed in the hunt was handled differently for two time periods. The total number of whales killed each year were poorly documented before 1994 . Reported landings averaged 10 per year for the years 1987-89 and 1991-93 when a partial survey of Native hunters was conducted (Stanek, 1994) . But only in 1993 was there an effort to estimate the complete removals (26 landed beluga whales). No independent study of struck and lost rates was conducted during the Cook Inlet hunt.
Struck and lost numbers reported by hunters during 1979-93 averaged 25% of the reported landings, resulting in an average of 12.5 whales reported killed in those years. In 1993 the estimated kill was 32.5 whales. Therefore, to allow for the uncertainty during this time period, the prior distribution for the number of animals killed each year for the years 1979-93 (H 79-93 ) was specifi ed as a uniform distribution from 10 to 40 whales to span the range of possible take levels.
NMFS fi rst documented the entire take (landings, and struck and lost) by the subsistence hunt starting in 1994 , so the data for years 1994-98 are believed to be accurate. Hunting dramatically declined starting in 1999 with the moratorium on the hunt and with subsequent harvest management plans, and recorded landings and struck and lost whales from the hunt are thought to be accurate for the years 1999-2014 (NMFS 3 ) (Table 1) . Therefore, the prior distributions for total kill (landings plus struck and lost) in the years 1994-2014 were fi xed at the reported values. In years when more than one value was reported, or a range was reported, the total killed in the hunt was drawn from a uniform distribution with limits at the smallest and largest value (see Table 1 , i.e., 1995 U[68,74]; 1996 U[98,147] ; 1997 U [65, 75] ).
The youngest animal documented in the hunt was 4 GLGs , so the fi rst immature age vulnerable to the hunt was set to age 4. Although the hunters are thought to have a preference for taking large white adults, some gray immature beluga were also taken in the hunt. A review of hunted whales listed in Table 2 in Mahoney and Shelden (2000:131) shows 33 individuals for which age or length was known and sex determined, 7 of which were immature (i.e., smaller than 340 cm, not pregnant or lactating, and/or younger than 9, with the youngest at 4), of these immature whales, four were females.
While 33 is a relatively small sample of the more than 250 whales killed in the hunt between 1994 and 1998, it does provide a basis for an informed prior for the fraction of the hunt that was immature animals. The standard Beta distribution, Beta(α, β), is considered the likelihood distribution for the probability of success estimated from binomial data with α-1, successes and β-1, failures (Johnson and Kotz, 1970) . The distribution for the probability that an individual taken in the hunt is immature is then Beta(8, 27), with the parameters derived from the values 7 immature captures (successes) and 26 mature animals (failures) recorded in the hunt data. Therefore, the informed prior distribution for the probability that an animal taken in the hunt was an immature, Pr(Hunt Immature), was drawn from Beta(8, 27), truncated at the 2.5th and 97.5th percentiles.
For mature whales, the hunt was biased towards males. Of the 26 mature whales for which sex was determined, 16 were males and 10 were females. The male bias may be due to the fact that when a calf was seen closely associated with a whale (presumably the mother), the hunters would break off pursuit, creating a bias toward taking males (Huntington, 2000) . The Beta distribution was also applied; therefore, the informed prior distribution for sex-bias of mature belugas in the hunt, Pr(Hunt Male), the probability that a mature animal taken in the hunt was a male, was drawn from a standard Beta distribution, Beta(17, 11), truncated at the 2.5th and 97.5th percentiles.
Modifi cations to Birth and Survival Rates
To account for the observed growth rate of the population, we compared the effects of four different survival factors, each of which is formulated as a modifi cation of the survival rate, S c , S p,t , S e,t , and S g,t , and one modification of the birth rate, B c . Of these, only S p,t , can be parameterized from data for the Cook Inlet beluga population and is either equal to 1.0 or the value determined by the parameters. For the others, we use the λ 0 , (S x S p s 0 ) and b 0 in equation (11), solving iteratively for S x , where S x is the product of S c , E(S e,t ), and E(S g,t ). Note that these modifi cations do not include density dependence so it was unnecessary to solve using N = K, s k and b k . E(X) indicates the expected value of a stochastic process X. S p is the value of S p,t when the population size is 350 belugas.
When more than one modifi cation was used in a model scenario, the value for S x is partitioned into survival effects which multiplied together to equal S x . This was done using random partitions between zero and one that sum to one as exponents of S x . For example, if 3 partitions are needed two random numbers between 0 and 1 are drawn and then sorted into order with 0 and 1. The fi rst partition is equal to the value of the lower number, the second is the difference between the two random numbers, and the third is the difference between the larger random number and 1, so that product of the three partial powers of S x is S x .
If the model scenario includes killer whale predation, which has fi xed parameters, this has been accounted for and S x is partitioned to account for the other survival effects if it is less than 1. In a model scenario with the per capita effect, both survival rate and birth were modifi ed, so fi rst the partitioning described above is completed then S c is raised to the power 0.5 and then B c = 1− s 0 1− s 0 S c so the decrease in birth rate is proportional to the increase in mortality.
Per Capita Survival and Fecundity Effects
When these survival and fecundity effects are included in a model scenario they are used together. The values for B c and S c are based on the necessary partitioning of the value of S x. Both B c and S c are constrained to be greater than zero and less than or equal to 1. These are intended to model effects that impact the population on a per capita basis such as reduced frequency of foraging events resulting in chronic under nutrition, or signifi cant contaminant loads resulting in poorer survival and fecundity.
Killer Whale Predation Mortality
Killer whale predation was modeled as a constant expected number of individuals. C s is estimated as the average number of observed deaths from killer whales during the time period 1999-2014. The data available on killer whale predation in Cook Inlet are based on recovered carcasses, and determining the actual number of deaths depends on knowing the discovery rate of carcasses. To get around this problem, C s is calculated from the expected number of total deaths (the total mortality rate in the population model times the population size), and from the proportion of carcasses determined to be the result of killer whale predation.
During the period 1985-2002, known beluga whale deaths resulting from killer whales averaged about one per year . More complete records are available for the period between 1999 and 2014, when 148 beluga carcasses were discovered and of these 10 were determined to be the result of killer whale predation (NMFS 3 ), or 6.8% of all observed carcasses. Therefore, if we assume that 6.8% of all deaths between 1999 and 2014 occurred from killer whale predation, we can estimate the number of predation deaths as C s = (0.068) (1-s 346 ) (346) where, s 346 is the density dependent survival rate at N = 346, which was the average population size during the period 1999-2014.
These numbers may be low relative to actual deaths because belugas that are nearly or entirely consumed will not be recovered; indeed, three of the carcasses were lactating females but no calf carcasses were recovered suggesting that the calves were consumed. The parameter C p represents a scaler to allow for decreasing or increasing the level of killer whale predation in the population model (e.g., a value of 2 means that twice as many predation deaths occurred than were observed from 1999 to 2014). Note that when C p = 0, there is no mortality from predation as S p,t = 1. The value of C p was set to either 0.0 (no predation), 1.0 (predation equal to the number estimated from carcass data collected from 1999 to 2014), or 2.0 (predation equal to twice the number estimated from carcass data such as associated calves or carcasses that were entirely consumed).
Catastrophes (Unusual Mortality Events)
No population-wide mortality event has been documented for Cook Inlet belugas, and the events that we are considering here, such a disease outbreaks, oil spills, volcanic eruptions, or failure of Pacifi c salmon runs, are infrequent. Examples are available for other marine mammal populations, such as recent disease outbreaks 6 in bottlenose dolphins, Tursiops truncatus, on the east coast of the United States and in ice associated seals, Phoca spp., in the Arctic waters of Alaska.
Oil spills, such as the Exxon Valdez in Prince William Sound, Alaska, and recently the Deep Water Horizon spill in the Gulf of Mexico, have resulted in deaths of a number of species of marine mammals (Matkin et al., 2008; Schwacke et al., 2014 There are seven known volcanoes adjacent to Cook Inlet, four of which are suffi ciently active to warrant monitoring by the Alaska Volcano Observatory (Miller et al., 1998) . In addition, 6 An unusual mortality event is defi ned under the Marine Mammal Protection Act as "a stranding that is unexpected; involves a signifi cant die-off of any marine mammal population; and there are a number of volcanos south and west of Cook Inlet that could produce signifi cant ash falls in Cook Inlet. While eruptions are infrequent, they can pose a substantial hazard when they occur.
Finally, anadromous species, such as Pacifi c salmon and eulachon, Thaleichthys pacifi cus, represent a concentrated feeding opportunity that the beluga population may depend on as an important component of their annual nutrition. While individual fi sh runs are known to vary from year to year, a coincidental failure of several runs in one year could have a substantial impact on beluga survival and reproduction. For example, other marine mammal populations, such as the southern resident killer whale population, have shown reduced survival and fecundity rates in years in which salmon returns to the Frazer River, B.C., Can., are low (Ford et al., 2010; Ward et al., 2009) .
For catastrophic events, the expected or average annual survival rate E(S e ) has been set above for each population run either in the partitioning of additional survival effects or directly depending on the model scenario. The value of E( S e ) = (1-M e P Me ). To determine the mortality rate per event, M e , we use a broad prior with M e drawn from U[0.10, 0.50] for each population run. The frequency of events, P Me , is then calculated as (1-S e )/M e for that run. The values for M e and P Me remained fi xed through each population run which resulted in an expected or average annual unusual mortality rate of (1-S e ) for the population run.
Group Mortality
The group size G t is drawn at random from the distribution of groups observed in Cook Inlet during aerial surveys from 1994 to 2014, truncated at the current population size (Fig. 2) . Groups within 5 km of each other are treated as one. Note that for the current population size, the average observed group size represented about 20% of the total population (Fig. 3 ).
An example of one type of group mortality event that was observed for the time period was a stranding of 46 animals in 2003 in which 5 animals died (Vos and Shelden, 2005) , representing a group mortality rate for the event of 5/46 = 0.11. Under the assumption that all group strandings were observed for the years 1994-2014, the probability of a group mortality event in this example would then be 1/21 = 0.05. This is but one example and not the only possibility for a group mortality event. The expected or average annual survival rate E(S g ) has been set above for each population run either in the partitioning of additional survival effects or directly depending on the model scenario. Thus, we specifi ed a broad prior distribution for the group mortality rate, M g , of U[(1-S g )/0.20, 1.0], with the lower limit determined by the expected mortality rate if an event occurred every year and affected 20% of the population. A value for M g was drawn for each population run then the value for P g is set to (1-S g )/ (M g *0.20) for that run so that the expected mortality rate for the population is (1-S g ).
Population Size in 1979
To set up the initial population size and age structure in 1979 (N 1979 ), N 1979 was drawn from a uniform distribution ranging from 800 to K belugas. The age structure for each sex was then drawn as a multinomial from N 1979 using the probabilities from a stable age and sex distribution with the densitydependent survival rate for N 1979 .
Statistical Methods

Likelihood Function
The parameters of the population model were estimated by fi tting the model to population abundance estimates available from 1994 to 2014 and the ratios of adult males and females and immature animals observed in the subsistence hunt. Aerial surveys have been conducted each June-July from 1994 to 2014 using essentially the same data collection methods through the entire time series (Hobbs et al., 2000a, b; Hobbs et al., 2015a) . The subsistence hunt was subsampled as discussed above based on 7 immature belugas, 10 mature females, and 16 mature males. The likelihood function used was ε\ is the average deviation of the environmental variation from 1994 to 2014 and SE(ε\ ) is the standard error for ε\ when σ = 0.01. The Student's t-distribution was chosen as the likelihood function for the abundance estimates by comparing the fi t of several different likelihood functions to the distribution of bootstrap abundance estimates that results from analysis of these survey data. The Student's t-distribution with 10 degrees of freedom was chosen because it provided a better fi t than a Student's t with 5 degrees of freedom, a gamma distribution, a log-normal distribution, or a normal distribution.
Parameter Estimation
Each individual population projection was fully defi ned by the 18-parameter vector: λ 0, λ H0 , λ k, 0 Table 3 ). Note that two of the parameters (a mat , C p ) were set at fi xed values for any particular model scenario. While this is a substantial . The average risk to animals within a group remains constant but the average risk for population size is proportional to this ratio. Table 1 )
Pr(Hunt Immature) Probability that an animal taken in the hunt was an immature whale Beta(8, 27)
Pr(Hunt Male)
Probability that a mature animal taken in the hunt was a male Beta(17, 11) C p Constant mortality effect (killer whale predation) (can be thought of as the Fixed at 0, 1, or 2 (depending on model scenario) number of deaths per carcass)
P Me
Probability of a catastrophic mortality event occurring in a given year Fixed at 0.0 or calculated as (1-E(S e,t ))/M e (depending on model scenario)
M e Individual probability of mortality during a catastrophic mortality event Fixed at 0.0 or U[0.10, 0.50] (depending on model scenario) P g Probability of a group mortality event occurring in a given year Fixed at 0.0, or calculated as (1-E(S g,t ) )/(0.20 M e ) (depending on model scenario)
M g Individual probability of mortality in the affected group during a group mortality event U[0.10, 1.0] or 0.0 (depending on model scenario)
G t
Size of the group in which a group mortality event occurs at time t Observed distribution of group sizes (with upper limit = N t ) number of parameters, the purpose was not to estimate posterior distributions for all of these parameters to draw inferences directly, but instead include suffi cient detail in each model scenario to test the ability of particular model scenarios to reproduce the existing abundance data and determine the consequences for population projections. The time lags inherent in age-structured populations are a key element of this inference. For clarity, other derived parameters (meaning they are functions of the estimated parameters) that are referred to in the methods are listed in Table 4 . A Metropolis-Hastings Markov chain Monte Carlo (MCMC) algorithm (King et al., 2010) was used to generate samples of parameter vectors (and output quantities of interest) from the posterior distribution; these samples are then used to approximate the posterior distribution. This algorithm generates a random walk through the parameter space by selecting a test set of parameters from the neighborhood of the current parameter set, estimating the likelihood for the test parameter set, then applying a stochastic acceptance test to determine if the chain updated to the new parameters or remained at the current parameters.
All parameters were updated at once, drawn from distributions centered on each parameter value and spanning one tenth of the prior of each parameter. Where a distribution other than the uniform distribution is used as the prior, the cumulative probability was used as the uniform prior then transformed. Ranges of 0.01, 0.10, and 0.20 were also tested, but 0.05 was found to give the best performance, with higher acceptance rates similar to 0.01 but larger jumps.
For each model scenario, three chains of 10,000,000 trials were generated after an initial burn in of 6,000. Every 1,000th trial was retained to create three sets of 10,000 samples from the posterior distribution. When the algorithm repeated a parameter set, i.e. more than 1,000 trials occurred without a jump, the chain was forced to jump to the next highest likelihood point in the previous 1,500 trials and a burn in of 2,000 trials was completed before accepting the next point. This process insured that the algorithm made a thorough sampling of the posterior distribution. Inference was based on the combined sample of 30,000. We tested convergence of the three chains using the method of Brooks and Gelman (1998) , which uses the ratio of the covariance matrix of the parameter sets from the individual chains to the covariance among their means to estimate the potential scale reduction factor (PSRF). Values of PSRF close to 1.0 indicate that each chain is a rep-
resentative sample of the posterior distribution.
The population sizes for the projections from 1994 to 2164 were retained as output quantities of interest, covering the period for which we have data, 1994 to 2004, and projecting 150 years into the future. A population with one or zero individuals or only one sex was considered extinct, and its population size was set to 0 for the rest of the trajectory.
Model Scenario Comparison and Selection
Model scenarios were specifi ed that included different prior distributions for λ 0 and different fi xed values for the additional mortality factors (Table  5) . A model scenario (Model A) was specifi ed that assumed the population was healthy (or recovering) by setting the prior distribution for λ H 0 = λ 0 to U[1.02, 1.031]. All other model scenarios are modifi cations to this healthy population scenario with λ H 0 drawn from U[1.02, 1.031] and λ 0 drawn from U[0.94, 1.031] or specifi ed by other parameters with additional mortality or reduced fecundity modeled, as described above. Model B is a scenario that included per capita mortality and fecundity factors, and had a prior distribution for λ 0 of U[0.94, 1.031]. Models C-E considered the effect of killer whale predation on an otherwise healthy population, in Model C, C p is Table 5 .-Model scenarios (Models A-O) for sources of mortality affecting recovery of Cook Inlet beluga whales. "All" indicates all of the additional mortality is attributed to a single mechanism mortality model. "Partition" indicates a random partitioning between two or more mortality models (with an exception when the constant mortality effect is included, its effect is determined by the parameter C p and the remaining mortality is partitioned). set to 1.0, in Model D, C p is set to 2, and in Model E, C p changes from 1 to 2 in 1999 so that the increase in killer whale mortality coincides with the change in Native subsistence hunting practices.
The remaining models, F-O, had a prior distribution for λ 0 of U[0.94, 1.031], and where killer whale mortality is included, C p is set to 1. Model F accounts for the reduced growth rate with both killer whale predation and per capita effects. Models G-L account for reduced growth rates with stochastic mortality effects. Model G considers the catastrophic mortality by itself. Model H uses the group mortality alone. Model I is catastrophic mortality with killer whale mortality. Model J is group mortality with killer whale mortality. Model K partitions reduced growth among catastrophic mortality, killer whale predation, and per capita effects. Model L is similar to Model K but with group mortality instead of catastrophic mortality. Models M, N, and O are the same as Models A, C, and F, respectively, but with a value for K that declined from 1979 to 1999 and remained low after 1999.
Model scenarios were compared using the Bayes factor (Kass and Raftery, 1995; Wade, 2002) , where H xy represents the Bayes factor comparing model scenario x to model scenario y. If model scenarios are considered to have equal prior probability (prior to examination of the data), then the Bayes factor gives the posterior odds ratio for one model scenario compared to another (Kass and Raftery, 1995) . In other words, a Bayes factor of H xy = 3 means model scenario x is 3 times more probable, in light of the data (i.e., the abundance estimates), than model scenario y. Kass and Raftery (1995) provide a useful scale for interpreting the Bayes factor by converting it to twice the natural logarithm of the Bayes factor. With the larger of the two posterior probabilities in the numerator (model scenario x), a value less than 2 indicates no substantial difference between the model scenarios, and values between 2 and 6 are interpreted as positive evidence for one model scenario over the other. Values between 6 and 10 are strong evidence, and values greater than 10 are very strong evidence for model scenario x over model scenario y (Kass and Raftery, 1995) . We employ the harmonic mean identity to estimate the relative Bayes factor as the harmonic mean of the distribution of the log likelihoods from the MCMC sample using only data from the posterior sample. The harmonic mean is a poor estimator on its own as it is highly sensitive to the few very low likelihood samples, which the MCMC algorithm will tend to include (Kass and Raftery, 1995) . To resolve this we calculated the harmonic means of each posterior data set truncated at various low likelihood values and selected the quantile at which these low likelihood samples begin to dominate the inference for some of the scenarios. Inference was then done using the truncated posterior data set. The value for comparison is then twice the difference between the log Bayes factors of the two models or, in other words, twice the difference of the log of the harmonic means. From the three separate chains, we estimated a standard error for each 2 log Bayes factor estimate. Hypothesis testing was done by comparing the Bayes factor, and examining the posterior distributions.
Results and Discussion
To illustrate the consequences of the different mortality effects in relation to population size, examples of expected annual survival rates by population size are given in Figure 4 . Where survival rate is determined only by density dependence, survival increased as the population declined (Fig. 4, solid  line) , so that the highest survival rate (97% in this example) occurs as the population approaches zero.
When the catastrophic mortality effect is added, because it is independent of population size, in this example there is a 1% reduction in survival throughout the range of population sizes. When killer whale predation or group mortality effects are added to the population model, survival still increases as the population declines at moderate population sizes, but below some threshold population size, survival declines as population numbers decline (Fig. 4) . This represents depensation, or an Allee effect, which is known to increase extinction risk for small populations (Courchamp et al., 1999) .
Consequently, if demographic stochasticity environmental variability or mortality events pushed the population below the threshold, the population continues to decline to extinction. For example, the group mortality effect intensifi es as the population declines because there are fewer groups, so each individual is more likely to be in a group that is affected. When the group mortality effect is included with the constant mortality effect of predation, the threshold effects are combined (Fig. 4, gray dashed line) .
Population Model Results
The MCMC numerical integration method makes it possible to calculate a posterior distribution for any output quantity of interest. For each of the model scenarios, we calculated posterior distributions for population size in 50 and 100 years, as well as for the population growth rate over the next 20 years (2014-34). All model scenarios showed a range of outcomes ( Fig. 5; Table 6 ), which could include a decline to extinction, an increase to K, and intermediate values between extinction and K. For the purposes of these results, we defi ne recovery as a population size exceeding 780 whales or 60% of 1,300, the largest historical CIBW abundance estimate that is based on survey data (Calkins 1 ). However, the probability of each outcome depended on the parameters of the individual model scenarios.
In the healthy population scenario (Model A, Fig. 5A ) there was a 99% probability the population would increase during the next 100 years, with a median value above 1,000 by 2080 and 0% probability of extinction in 100 years. In the per capita mortality scenario (Model B, Fig. 5B ), there was an over 50% probability that the population would decline (Table 6) , with limited probability of recovery to 780 belugas. This contrast in outcomes was largely predicted by the distribution of population trends over the years 2014-2034, where the Model A growth rate over the next 20 years is nearly all increasing (i.e. >0.0) while Model B on average is near zero and has much of its distribution below 0.0 resulting in population decline (Fig. 5A,B ; Table  6 ).
Models C-E include constant mortality from predation as an additional source of mortality in the healthy model scenario (Table 5 ; Fig. 5C-E) . In all three models this resulted in a Figure 4 .-Annual survival rates by population size for Cook Inlet beluga whales under different mortality models. For these examples, the density dependent survival (solid black line) is for s 0 = 97% and s K = 94% with K = 1,300 and MNPL at 780 (z = 2.39) (Model A). With per capita mortality or catastrophic mortality events averaging 1% per annum (black long dash), the survival is reduced uniformly by 1% (Models B, G). With constant mortality added at C p =1 (black medium dash), the survival declines quickly as the population declines below 100 animals (Model C), and for C p =2 (black short dash), as the population declines below 200 animals (Model D, and Model E after 1999). While the group mortality events (solid gray line) results in a 1% decrease when the population is near 350 animals, survival drops off quickly as the population declines below 100 animals (Model H), and when combined with constant mortality at C p =1 (gray medium dash), survival drops when the population is below 200 animals (Model J). In the models with reduced carrying capacity (gray short dash), the density dependence acts at lower population sizes. In this example, K is reduced to 350 belugas (Model M after 1999). small quantitative change such that the population was estimated to increase more slowly and take longer to recover, but, as in Model A, there was a high probability the population would increase and not go extinct, suggesting that the threshold effect was not acting on these population trajectories in most cases. The 20-year average trend (Table 6) for Models C-E, does decrease from Model A, refl ecting decreased survival resulting from predation.
Model F combines the per capita mortality with the predation mortality at the observed level showing a slightly broader range of outcomes, but a 6% probability of extinction in 100 years ( Fig. 5F; Table 6 ). Models G and H both include additional mortality as stochastic events resulting in increased uncertainty in the outcomes at 100 years, with the main difference that the threshold effect of the group mortality resulted in a greater risk of extinction ( Fig. 5G, H ; Table 6 ). The four models (I-L) are mixtures of the different mortality effects (Table 5) . Including predation mortality with the catastrophic mortality, Model I results in similar uncertainty in the outcomes but shifts the range of outcomes toward increased risk of decline and extinction ( Fig. 5I; Table 6 ), while including predation mortality with the group mortality, Model J has the highest risk of extinction of the scenarios ( Fig. 5J; Table 6 ). Models K and L are mixtures of Models I and J with Model B (Table 5) and showed behavior more similar to Models K and L, respectively ( Fig. 5K, L ; Table 6 ). The three models with reduced carrying capacity all behaved similarly except that the threshold effect of predation and the per capita decline acting together had an extinction risk 3% in 100 years and predation alone had an extinction risk of 1% indicating that the lower carrying capacity reduced the risk of extinction compared to Models C and F.
Model Scenario Comparison with the Bayes Factor
The inference based on the natural logarithm of harmonic means of the Table 5 ) from projections of the posterior sample of 30,000 trials. The heavy center line is the median (50 th percentile); the dot with dash lines Figure 5 Continued posterior samples of likelihoods truncated at quantiles above 0.01 remained consistent while the inference became quite variable at quantiles below 0.01 thus, the 0.01 quantile was selected as the truncation point (Fig. 6) . Samples with likelihoods less than that value of the 0.01 quantile, the lowest 300, in each data set were discarded and inference was conducted using the remaining 29,700 samples. The standard errors for the estimated 2ln(Bayes factors); were all less than 1.0 and the PSRF values were all less than 1.5 indicating that the three chains were consistent with each other and covered the posterior distribution. The alternative model scenarios with the per capita effects or the reduced carrying capacity, Models B, F, M, N, and O had substantially higher posterior probability than Model A, the healthy population scenario (Table 7 ). All of these alternative model scenarios had 2ln(Bayes factor) values greater than 20. Therefore, there was substantial evidence that the data supported these alternative model scenarios more than the healthy population scenario. Models D, E, H, K, and L also had higher posterior probability than Model A. The scenarios with the highest posterior probabilities were the declining carrying capacity Models M, N, and O. Using Models B, F, M, N, and O as the basis of comparison, we see that there is positive evidence to prefer these models over all others and, in most cases, there is strong or very strong evidence supporting these models. While the probabilities are similar, the risk of extinction is different, ranging from 0% in 100 years to 6% in 100 years, with differences resulting from the threshold effect of the predation mortality and the declining growth rates in the per capita model. Also, these models predict low probabilities of recovery to 780 belugas. Thus, a better understanding of the change in predation rates with CIBW population size, factors affecting carrying capacity and stressors impacting survival and fecundity are essential to improving the estimates of extinction risk and identifying a path to recovery. on either side are the 25th and 75th percentiles; the short dashed lines are the 10th and 90th percentiles; the long dashed lines are the 5th and 95th percentiles; and the outer solid lines are the 1st and 99th percentiles. 
Hypotheses Results
Hypothesis comparison and ranking using the Bayes factors provide alternative views to the same analysis. Under Hypothesis H1, the population has not yet begun to recover but it will under the status quo-there has been a delay (time lag) in recovery due to a depletion of mature females and the population will begin to increase once it rebuilds the mature female segment of the population. The data do not support this hypothesis. The Bayes factor comparison estimates Model B is 8.4×10
5 times more likely than Model A (Table 7) . In other words, the proposed mechanism in Model B is supported, while a defi cit of reproductive age females from the biased hunt cannot explain the lack of recovery in the population. Thus, we must conclude that the current lack of recovery is not due to time lags that will resolve in the future.
Under Hypothesis H2, the subsistence hunt was not the sole cause of the decline observed since 1994 and the population has not begun to recover because an as yet unidentifi ed population-wide stressor (e.g., nutritional stress, disease, contaminants, noise, loss of key habitat) has caused a decrease in fecundity and/or survival, resulting in a negative growth rate. The population will not begin to recover in the future without a change in the fecundity and or survival of the population. The data support this hypothesis because Model B was 8.4×10
5 times more likely than Model A (Table 7) , and there was over a 50% probability that the population will continue to decline (Table 6) .
Under Hypothesis H3, the population has not begun to recover because the reduction in population size from hunting has led to it falling into a "predator pit" (a numerically constant level of predation was sustained by the population when it was >1,000 animals, but at the current population level, predation prevents recovery). The data do not support this hypothesis. Models D and E were more likely than Model A (Table 7) , suggesting that the mortality rates from predation are likely underestimated by carcass counts. However even when the predation mortality risk was doubled (Model D), the anticipated average growth rate over the next 20 years was reduced only by 0.3% from the average for Model A, and the probability of decline remained only 2% (Table 6) .
Under Hypothesis H4, the population has not begun to recover because the level of predation from killer whales coincidentally increased around the time of the population decline (e.g., due to a prey shift by the killer whale population). The data do not provide support for this hypothesis for the same reasons stated under H3, while Model E is more likely than Model A, it does not reduce the growth rate suffi ciently to prevent recovery.
Under Hypothesis H5, the population has not begun to recover because the reduction in population size from hunting and subsequent retraction in range has led to a greater proportion of the population being vulnerable to "catastrophic" mortality events such as disease outbreaks, oil or toxics spills, volcanic eruptions, or fi sh run failures. The results do not support this hypothesis in that Model G was 0.0027 less likely than Model A (Table 7) , largely the result of the greater variability of growth from year to year.
Under Hypothesis H6, the population has not begun to recover because the reduction in population size from hunting and subsequent retraction in range has led to fewer social groups in the population, such that a greater proportion of the population is vulnerable to mortality events that affect all or a large fraction of a single social group. The results do support this hypothesis in that Model H was 110 times more likely than Model A (Table 7) .
Under Hypothesis H7, the population has not begun to recover because of a combination of killer whale predation, per capita effects, and increased catastrophic or group mortality following population decline. The results support this hypothesis in that some of the model scenarios with mixed mortality effects, Models F, K, and L, were Table 6 .-Probability of extinction and recovery for Cook Inlet beluga whales and expected growth over the next 20 years based on model scenarios (Models A-O) for sources of mortality affecting this population. Probability of declining is the probability that N 2114 < N 2014 .
Probability of extinction (%)
Probability of recovery (%)
Mean ( more likely than Model A. Models I and J were less likely than Model A suggesting that the mixture with the per capita effect was key, and all of the mixed models were much less likely than Model B (Table 7) . Under Hypothesis H8, the population has not begun to recover because the carrying capacity has declined to a low level. The results support this hypotheses in that Models M, N, and O were substantially more likely than Model A (Table 7) . Through hypothesis comparison, we demonstrated that several of the mortality models were more likely than the assumption of a healthy population, but this did not distinguish among the models except that the constant or predation mortality model was not suffi cient by itself. The Bayes factors provided a means to rank the model scenarios and select the most likely, the per capita mortality or reduced carrying capacity with or without the threshold effect of constant or predation mortality.
Posterior Distributions
There was some variability in the posterior distributions for the 1994 abundance, with modes ranging from 590 for Model A to 700 for Model O. Model scenarios with higher average growth rates had lower modes while models with negative average growth rates had higher modes ( Fig. 7 ; Table  6 ). The three highest modes were Models M, N, and O which had declining carrying capacity. All of the results fell well within the sampling distribution for the 1994 abundance estimate, indicating that it was not very selective in the likelihood. Posterior distributions for the 2014 abundance distributions closely matched the sampling distribution of the 2014 abundance estimate in shape, but were somewhat lower, while the healthy population scenario and killer whale predation model scenarios favored higher values, with modes of 50 belugas greater than the 2014 abundance estimate (Fig. 8) . The stochastic mortality effects broadened the distributions for Models G-J but when the per capita effect was included, Mod- els K and L, the posterior distributions were more similar to Models B and F.
As discussed above, the current lack of recovery in the population cannot be explained by a defi cit of adult females caused by the subsistence hunt, as the healthy population scenario was shown to have a much poorer fi t to the data. This occurs because the healthy scenario is forced (via the prior distribution) to have a positive intrinsic rate of increase, and this results in an increasing population trajectory (Fig.  9 ), but the trend of the abundance estimates indicates the population is not growing. Note that the posterior distribution of the intrinsic growth rate for Model A is skewed toward its lower bound indicating that the lower limit of the prior distribution was informative. The constraints on the upper limit of survival rate and birth rate limited the intrinsic growth rate to be less than 1.031, however the posterior distribution of Model A had declined to low probability so that these constraints were not informative to Model A.
A comparison of the distributions of the number of females and the fraction of females in the population trajectories for each model, shows a moderately depleted adult female fraction in the Model A trajectories during the years 1997-2003, but this is fully recovered by 2014 (Fig. 10) . The results for Model B indicate that the male fraction was more strongly depleted than the female fraction but this is also resolved by 2014. In other words, while the defi cit of reproductive age females is a plausible mechanism for slowing recovery, the trajectory for the numbers of adult females in Model A (Fig. 10) shows an upturn within the fi rst few years after the end of uncontrolled hunting in 1999. This result for adult females is corroborated by the abundance trajectories for these years where the Model A trajectories begin to increase after 1999 (Fig. 11) , indicating that any delay in recovery that would have occurred from a defi cit of adult females would have lasted for only a few years.
One interesting outcome is that the best fi t for Models A, C, D, and E occurred by estimating that a larger fraction of adult females were taken in the hunt (Fig. 12) . This is a case of two sources of data confl icting. For example, Model A imposes an increasing population growth rate, which confl icts with the observed abundance trend. The growth rate can be partially offset for a few years (Fig. 11) by having a higher proportion of females taken in the hunt than actually observed, as this will slow the model population increase.
Model scenarios with a catastrophe or a group mortality effect had greater variability, such that there was a broader range of population trajectories possible. This is evident in the probabilities of recovery and extinction, and the range of growth rates from 2014 to 2034 ( Fig. 5G, H ; Table  6 ). While this variability might allow the trajectories to match the point estimates of abundance closely, it also could push the trajectory away from the abundance time series with one or two large events.
In both Models G (Fig. 13 ) and H (Fig. 14) , the posterior distributions of the mortality rate for an event showed a preference for lower expected mortality rates (Figs. 13c, 14c ). For catastrophic mortality, the histogram indicates a preference for the lower range of 10-20% mortality per event (Fig. 13a) . For the group mortality, the mode is near 25% mortality per event but the distribution is quite broad (Fig. 14a) ; however, this is applied to a group that on average is 20% of the population and averages approximately 5% mortality at the population level. Even at 100% mortality, this only represents a 20% mortality to the pop- ulation. Thus, the two survival models support similar ranges of mortality at the population level.
The low mortality rate for events limits the variability of the trajectories to the lowest values possible for these model scenarios. The probability of events was then determined by the change in survival rate required to achieve the change in growth rate from the healthy population scenario. For the catastrophic mortality scenario, this resulted in a fairly strong preference for lower probability of events, indicating that the selection in Model G was stronger on the event probability rather than the mortality rate (Fig.  13a, b) . In contrast, for the group mortality scenario in Model H, the probability of an event was less strongly selected and resulted in a posterior distribution mode near 20% but ranging from 0% to 100% (Fig. 14b) . When these are combined into the expected annual mortality, the posterior distributions have lower medians, with the median and distribution for the expected annual group mortality about twice as broadly distributed (Figs. 13c, 14c) .
In general, when the predation mortality effect with C c = 1 was added to the healthy population scenario (Model A vs. Model C), there was little change in the population outcomes, but it improved the fi t to the data. However, when C c = 1 was included in the model scenario with per capita effects on fecundity or survival (Model B vs. Model F), there was no improvement in the fi t to the data, and, in fact, the fi t was reduced, but it added 6% to the probabilities of extinction in 100 years. The group and catastrophic mortality scenarios, with or without predation mortality added, did not provide a good fi t to the data by themselves, and received little posterior probability. However, when per capita effects were added, these scenarios improved in fi t over Model A, but remained poorer fi ts than Model B, suggesting that of the four types of effects the per capita effects were the most likely (Table 7) .
Little information is available for the model on the carrying capacity of Cook Inlet for belugas and consequently a range of posterior distributions resulted for the different model scenarios. In general, the models without either a decline in carrying capacity or a per capita effect (Models A, C-E, G-J) selected the lower values for K (Fig. 15) . Models with a change in carrying capacity (Models M-O) and a per capita effect (Models B, F, K, L, O) selected higher values for K, with Model O, which included both scenarios, showing the strongest selection for high values (Fig. 15) . For the three models that allowed a change in K over time, the two models that did not include a per capita effect had posterior distributions for K 1999 that closely matched the sampling distribution for the abundance estimate in 2014 (Fig. 16) . Model O (with the per capita effect and decreasing K) did select the Figure 13 .-Posterior distributions for Model G: a) catastrophic mortality rate (M e ) and b) probability of an event (P Me ), and c) the expected annual mortality rate (M e P Me ), the product of the two. In Model G, the value of the expected annual mortality rate for the Cook Inlet beluga whale population was determined by the change in the survival rate. The value for M e was drawn from its prior distribution, U(0.1, 0.5). The value for P Me was found by dividing the expected annual mortality rate by M e . range of the 2014 abundance estimate, but also chose the range between 400 and 800 with nearly equal preference. This difference between the models with and without the per capita effect is also evident in the projections for the next 100 years, with the majority of cases for Models M and N showing the CIBW population remaining stable at a low level while Model O shows a signifi cant number of declining population trajectories. None of the models selected values below 250 indicating that if the carrying capacity has declined it is not less than the current population size.
Extinction Risk and Potential for Recovery
The key purpose for this analysis was to estimate the risk of extinction and to compare potential mortality models for the endangered CIBW population. The fi ve most likely scenarios, Models B, F, M, N, and O, are all much more likely than any of the other model scenarios, therefore, they are the preferred scenarios to estimate extinction risk. These models fi t the data well because they all indicate there has been a substantial decline in the population growth rate from an expected healthy population model. In the case of Models B and F, it is through a per capita decline in fecundity or survival, whereas, in Models M, N, and O, it is through a reduction in carrying capacity. The reduction in carrying capacity in turn reduces the per capita survival and fecundity through the density dependence of the population model, as the model essentially estimates the population is close to carrying capacity.
To the fi ve most likely models we add Model K to account for the risk of catastrophic events. While these events are known to occur, there are few data on their impact on beluga populations that could be included in the current analysis. Consequently, the likelihood of this model was not as well supported by the data used. It has, however, the highest likelihood of the models that include unusual mortality events. From these models, we estimate that the risk of extinction in 100 years is between 0% and 14% with the main uncertainty resulting from the strength of the threshold resulting from the constant mortality effect.
In 2008, Hobbs and Shelden 5 estimated the range of extinction risk to be between 1% and 27% in 100 years from a similar set of models. In our current analysis, Models B, F, and K correspond to Models a, d, and h in Hobbs and Shelden 5 , respectively. There are no equivalents for Models M, N, and O in Hobbs and Shelden 5 and the current analysis includes no equivalents for their Models c, e, and g. Models a, d, and h in Hobbs and Shelden 5 had extinction risks of 1%, 12%, and 26% in 100 years, respectively; consequently, they spanned the range of extinction risks (i.e., 1-27%) in that paper, but are roughly twice the values for the corresponding models in our current analysis.
There are several reasons for these changes. First, we now have 20 abundance estimates, up from the 15 estimates used in the earlier analysis. These additional data supported the selection of annual growth rates close to zero; consequently, there is a more precise estimation of the growth rate parameter with fewer outliers that would be low and trend towards extinction. Second, the mean growth rate for Model B is 0.1%/yr with 53% of cases declining, while the corresponding Model a in Hobbs and Shelden 5 had a mean growth rate of -0.4%/yr and 62% of cases declining, which supported this slightly improved out- Figure 14 .-Posterior distributions for Model H: a) group mortality rate (M g ), and b) probability of an event (P g ), and c) the expected annual mortality rate, (0.20 M g P g ) where 0.20 is the average fraction of the population per group at the current abundance. In Model H, the value of the expected annual mortality rate for the Cook Inlet beluga whale population was determined by the change in the survival rate. The value for M g was drawn from its prior distribution, U(0.1, 0.5). The value for P g was found by dividing the expected annual mortality rate bºy 0.20 M g . look. In other words, with more data the recent trend of the population has been estimated more precisely and it has been found to be roughly stable or slowly declining. Thus, although the population is not increasing as expected, the data indicate the population is not declining precipitously, and, therefore, the probability of extinction is lower than in the previous analyses (i.e., Hobbs and Shelden 5 ).
Models K and h were not identical in that in Model h of Hobbs and Shelden 5 the mortality rate was fi xed at 20% and the probability of an event was fi xed at 5%; consequently, the expected mortality was 1%/yr. In Model K these percentages were allowed to vary with the mortality rate chosen from between 10% and 50%, and the probability selected so that the expected mortality per year met a value selected by the model for that case. Model K also included per capita mortality and predation mortality, so the three were competing. In Model K, the average values of the probability of an event was 3.1% and the expected annual mortality from catastrophic events was 0.7%; therefore, Model K selected fewer events with a lower expected mortality rate than in Model h, which resulted in a decreased risk of extinction. Thus the effect of catastrophic mortality events was reduced in Model K compared to model h in Hobbs and Shelden 5 .
The strong selection of the fi ve model scenarios (Models B, F, M-O) indicates that the observed decline of the population is likely the result of a per capita or chronic decrease in survival or reproduction or that carrying capacity has declined. While we have provided examples of long-term habitat changes, reduction of available forage, and anthropogenic effects such as introduced toxins, there is also the possibility that the reduction in the fecundity or survival of the population is the result of reduction in population size itself.
There are many examples of population level consequences beyond the numerical effect of the removal of individuals caused by social disruption from hunting. For example, hunting elephants, Loxodonta africana, led to lower fecundity in several elephant populations (Poole, 1987; Gobush et al., 2008) . Part of the explanation for this was the loss of "social knowledge" from the removal of matriarchs for their large tusks (McComb et al., 2001) . Similarly, lower fecundity has been seen in a population of bighorn sheep, Ovis canadensis, where rams with larger horns were removed (Coltman et al., 2003) . Heavy hunting pressure on wolves decreased the average size of social groups and led to lower natural survival for a variety of reasons (Haber, 1996) . Specifi cally, a review of multiple studies showed that removal of breeding wolves, Canis lupus, led to decreased wolf packs or to the dissolution of packs, and that pup survival was higher in larger packs and was correlated with the presence of auxiliary nonbreeders (Brainerd et al., 2008) . Heavy hunting pressure on cougar populations, Puma concolor, was correlated with increased immigration, reduced kitten survival, and reduced female population growth (Cooley et al., 2009) .
At least two examples exist showing lower fecundity in cetaceans after hunting and social disruption. Fecundity was very low in Galapagos sperm whales, Physeter macrocephalus, after the population was severely depleted during commercial whaling, apparently due to a lack of mature males (Whitehead et al., 1997) . Spinner dolphins, Stenella longirostris, subjected to chase and encirclement by yellowfi n tuna, Thunnus albacares, purse seiners in the eastern tropical Pacifi c have experienced a decline in fecundity (Cramer et al., 2008) , and this could be due to the loss of breeding males, which represent only a tiny fraction of all mature males (Perrin and Mesnick, 2003) . There was also apparently lower calf survival caused by the separation of mothers and dependent calves during the chase (Archer et al., 2001) . The CIBW population underwent heavy hunting pressure for at least 20 years , which caused the population to decline from approximately 1,300 whales to about 300 whales, and the number of adult females in the population may have declined to less than 100 (Fig. 10) . Social disruption from the hunt causing a decline in fecundity or survival in the population is plausible, however, we did not attempt to develop a model specifi c to this mechanism.
Some examples from other mammalian populations suggest that once a hunt is limited or ended, the population would rebound. Other examples, such as the loss of matriarchs in elephants, dominant breeding males in sperm whales, or optimal pack structure in wolves, suggest there is a lag of 1-2 generations, during which the population continues to decline, before the population recovers. These small population effects and the threshold effects modeled above, may act at population sizes near to the current population size, suggesting that a signifi cantly larger population is necessary to keep the population from becoming extinct in the next 100 years. The ultimate goal for the CIBW population is not just avoiding extinction but recovering to a sustainable size and distribution. To this end, we can draw two conclusions from the results of this modeling effort. First, if the intrinsic growth rate can be increased above 2%, then recovery is very likely. Second, one or more per capita effects are reducing survival and/or fecundity or substantial carrying capacity has been lost. While there was considerable variation in extinction risk at 100 years among the models, the assumption of an intrinsic rate of growth greater than 2% removed the risk of decline and extinction even when the threshold effect of predation mortality was included. Thus, research intended to support recovery of this population should be directed toward identifying and reversing these per capita effects. Also, a better understanding of the factors determining carrying capacity is required. The possible presence of a threshold in the growth rate resulting in an Allee effect, increases the urgency of these efforts, as reversal of the trend may become far more diffi cult if the population declines further. Taken as a whole, these modeling results indicate clearly that it is likely that the CIBW population will continue to decline or go extinct unless factors de-termining its growth and survival are altered in its favor.
